Whole-genome and exome sequence data can be cost-effectively generated for the detection of rare-variant (RV) associations in families. Causal variants that aggregate in families usually have larger effect sizes than those found in sporadic cases, so family-based designs can be a more powerful approach than population-based designs. Moreover, some family-based designs are robust to confounding due to population admixture or substructure. We developed a RV extension of the generalized disequilibrium test (GDT) to analyze sequence data obtained from nuclear and extended families. The GDT utilizes genotype differences of all discordant relative pairs to assess associations within a family, and the RV extension combines the single-variant GDT statistic over a genomic region of interest. The RV-GDT has increased power by efficiently incorporating information beyond first-degree relatives and allows for the inclusion of covariates. Using simulated genetic data, we demonstrated that the RV-GDT method has well-controlled type I error rates, even when applied to admixed populations and populations with substructure. It is more powerful than existing family-based RV association methods, particularly for the analysis of extended pedigrees and pedigrees with missing data. We analyzed whole-genome sequence data from families affected by Alzheimer disease to illustrate the application of the RV-GDT. Given the capability of the RV-GDT to adequately control for population admixture or substructure and analyze pedigrees with missing genotype data and its superior power over other family-based methods, it is an effective tool for elucidating the involvement of RVs in the etiology of complex traits.
Introduction
The inability of common variants identified by genomewide association studies (GWASs) to explain much of the heritability of most complex diseases and the advances of next-generation sequencing (NGS) technologies have led to an increased interest in investigating the etiology of complex disease due to rare variants. 1, 2 Most NGS association studies use a population-based design, for which a large number of rare-variant association methods have been developed. There is also great interest in performing NGS association studies with the use of family data given that causal variants that aggregate in families usually have larger effect sizes than those found in sporadic cases. Family-based studies can therefore be more powerful than population-based studies given an equivalent number of cases. 3 Study designs with familial cases might be preferred over case-control design when families with multiple affected individuals are available for study, especially for complex diseases for which loci with large effects have not been detected. 4 Another advantage of a family-based design is its ability to avoid confounding due to population admixture or substructure. Population-based association studies can suffer from inflated false-positive rates as a result of population admixture or substructure, which is an even greater problem for rare variants. 5 Rare variants are more likely to have more recent origins and are therefore more likely to be population specific than common variants, and there can be considerable differences in the rare-variant allelic spectrum, even between European ethnic groups. These differences can be more extreme in the study of admixed populations, such as African Americans and Hispanics. Family-based designs are robust against population admixture or substructure, and significant findings always imply association with the causal variant or association with a variant that is in linkage disequilibrium (LD) with the pathogenic variant. A few tests have been proposed for family-based designs for the analysis of rare variants in sequence data. For example, the transmission disequilibrium test (TDT) 6 has been extended to test rare-variant association by grouping information across multiple variants within a genomic region. 7, 8 The extensions combine the benefits of rarevariant association analysis and family-based design, providing a robust and powerful approach to identifying and characterizing rare disease-susceptibility variants. However, these methods are not valid tests of LD for nuclear families with more than one affected child. Moreover, when extended pedigrees with multiple nuclear families and/or discordant sib-pairs are available, it is advantageous to include them in analysis because they also provide association information. The family-based association test (FBAT) 9 has been extended to analyze sequence data in the rare-variant burden association test. 10 A variance-component extension of FBAT has also been proposed, but the implemented software is applicable only to case-parent trio data. 11 However, both FBAT extensions suffer from potential loss of power, which can be substantial for extended pedigrees, because these methods ignore parental phenotypes. Epstein et al. proposed a statistical approach for rare-variant association testing in affected sibships, 12 which is less than optimal because it can be used only for analyzing affected sib-pairs in nuclear families (Michael Epstein, personal communication). Recently, Sul et al. proposed RareIBD for the analysis of large extended families of arbitrary structure. 13 A main assumption of RareIBD is that only one founder in a family carries a rare variant in a given gene, which is often violated especially for extended pedigrees, and violation of this assumption will result in inflated type I error rates. Here, we propose the rare-variant extension of the generalized disequilibrium test (GDT). The GDT utilizes genotype differences in all discordant relative pairs to assess associations within a family. 14 The GDT has increased power by efficiently incorporating information beyond first-degree relatives. Moreover, quantitative or qualitative covariates, e.g., age, body mass index, and smoking status, can be incorporated in the analysis to control for confounding. The rare-variant extension of GDT (RV-GDT) aggregates a single-variant GDT statistic over a genomic region of interest, which is usually a gene. Additionally, the RV-GDT can incorporate weights that are based on allele frequencies or bioinformatics tools. Using simulated genetic data, we demonstrated that the RV-GDT method has wellcontrolled type I error rates, even when applied to admixed populations, populations with substructure, and pedigrees with family members missing genotype data. As a comparison, we also extended the pedigree disequilibrium test (PDT) 15, 16 to analyze rare variants in general pedigrees.
The PDT breaks a general pedigree into case-parent trios and discordant sib-pairs and then combines their contributions into a statistic that takes into account their non-independence. The rare-variant extension of the PDT (RV-PDT) is a weighted or unweighted combination of the singlevariant PDT statistic over a genomic region of interest. The type I error was also evaluated in our simulated data for the RV-PDT and RareIBD. Although the RV-PDT had well-controlled type I error, the type I error for RareIBD was inflated, especially for extended pedigrees. The power of the RV-GDT was always substantially more powerful than that of Epstein's affected-sib-pair (ASP) method and had similar or slightly higher power for nuclear families than the FBAT and RV-PDT under a variety of disease models. However, when applied to extended pedigrees and/or pedigrees in which family members were missing genotypes data, the RV-GDT was more powerful than these methods.
To further illustrate application of the proposed methods, we analyzed whole-genome sequence (WGS) data for 81 families affected by Alzheimer disease (AD [MIM: 104300]) from the Alzheimer Disease Sequencing Project (ADSP; dbGaP: phs000572.v6.p4). AD is a neurodegenerative disease characterized by dementia and typically begins with subtle and poorly recognized memory failure and slowly becomes more severe and incapacitating (see GeneReviews in Web Resources). AD is genetically heterogeneous and has an estimated heritability of 60%-80%. 17 Although GWASs have successfully identified disease-associated loci, each locus accounts for only a small fraction of AD susceptibility, and a large proportion of AD heritability still remains unexplained. 18 There is great interest in investigating the role of rare variants in the etiology of AD. Application of the RV-GDT identified suggestive associations between AD and rare variants in AXIN1 (MIM: 603816; GenBank: NM_003502.3) and TNK1 (MIM: 608076; GenBank: NM_001251902.1). An association between AD and a common variant in TNK1 was previously identified, 19 and evidence of TNK1 involvement in AD has been further supported by experimental studies.
20,21
Although AXIN1 has not been previously shown to be associated with AD, experimental studies suggest that there might be a link between AXIN1 and AD. [22] [23] [24] [25] These findings could provide new insights in the understanding of AD etiology.
Material and Methods

RV-GDT
The GDT utilizes the genotype differences in all discordant relative pairs within a family to assess the association. 14 For the i th pedigree, n i is the total number of genotyped individuals, n A i is the number of genotyped individuals who are affected, and n
is the number of genotyped individuals who are unaffected. The single-variant GDT statistic for the i th pedigree is defined as
where X ij and X ik are the numbers of minor alleles in the j th and k th unaffected individuals, respectively. C ijk is 1/n i if no covariates are included in the model; otherwise, it is given as
where Z ij and Z ik are the covariate vectors for the j th and k th unaffected individuals, respectively. Values in vector a are log odds ratios (ORs) for the association between the covariates and the trait, which are estimated from a logistic regression model that includes the phenotypes and covariates. The single-variant GDT statistic for a dataset with N independent families is given as
which asymptotically follows a standard normal distribution under the null hypothesis of no association.
14 It has been shown that an association test performed with individual rare variants (minor allele frequency [MAF] % 1%) is underpowered 26 given the small number of observed alternative alleles and the stringent multiple-testing correction. In order to increase power, it is advantageous to aggregate rare-variant information across a region. Similar to the burden of rare variants (BRV) method, 27 here we aggregate the contributions of M variants across a region of interest, which is given as
where G im is the single-locus GDT statistic on the m th variant for the i th pedigree. In addition to aggregating the information across multiple variants, an alternative approach is to take a weighted sum of the contributions of each single variant, i.e.,
where w m is the weight assigned to the m th variant. The weights can be inferred from MAF in control 28 or complete 29 samples or from the predicted functionality of the variant, 30 such as the C-score from the Combined Annotation Dependent Depletion (CADD) tool. 31 The RV-GDT statistic is defined as
To infer its statistical significance, we apply a permutation procedure to derive empirical p values. We fix the genotypes and covariates for each pedigree and randomly shuffle the phenotypes among subjects within each pedigree. The vector a, a covariate adjustment, is also re-calculated after the phenotypes are shuffled. To reduce computational time, we use an adaptive permutation that evaluates the estimated p value at pre-defined checkpoints and stops further permutations for non-significant tests.
For rare-variant association tests, a common approach is to select a fixed MAF threshold and analyze only variants that meet the criterion. To determine whether the MAF of a variant is below the cutoff, one can obtain information on allele frequencies either from the sample or from public databases, e.g., the Exome Aggregation Consortium (ExAC) Browser. To avoid the implicit assumption about the relationship between allele frequency and variant functionality, we can use the variable threshold as an alternative approach to determine which variants should be analyzed. 30 The intuition is that there exists an unknown threshold T for which variants with MAF < T are more likely to be functional than variants with MAF > T. In this approach, the RV-GDT score is calculated for each allele-frequency threshold, and the final RV-GDT statistic is defined as the maximum score. The p values must be inferred empirically for multiple-testing correction.
RV-PDT
The PDT takes into account the difference in the number of transmitted and non-transmitted minor alleles from parents to affected siblings and the difference in the number of minor alleles between affected and unaffected siblings. 15, 16 For the i th pedigree, n T is the number of case-parent trios from informative nuclear families (at least one affected child, both parents genotyped at the marker, and at least one heterozygous parent), and n S is the number of informative discordant sib-pairs (at least one affected and one unaffected sibling with different marker genotypes). The singlevariant PDT statistic for the i th pedigree is defined as
where T ik is the difference between the number of minor alleles transmitted and the number of minor alleles not transmitted from a heterozygous parent in the k th trio, and S ij is the difference between the number of minor alleles in affected siblings and those in unaffected siblings in the j th discordant sib-pair. Let N be the number of independent informative pedigrees (at least one informative nuclear family and/or discordant sibship); then, the singlevariant PDT statistic is defined as
We can sum the contributions of each single variant across a region by
where P im is the single-variant PDT statistic on the m th variant in the i th pedigree, and M is the total number of variants in the region of interest. We can also consider the weighted sum of multiple variants, which is similar to the RV-GDT. The RV-PDT statistic is defined as
The p values can be inferred empirically via haplotype permutation, which is able to control the type I error in the TDT-based tests. 7 For each pedigree, we fix the founders' genotypes and obtain the genotypes of the non-founders by pairing a randomly selected paternal and maternal haplotype. Adaptive permutation can also be used to reduce computational time.
Simulation Framework
Generation of Family Data
To evaluate the performance of the RV-GDT, we compared it to other family-based association methods, including FBAT, RV-PDT, and Epstein's ASP method, through simulating and analyzing family-based exome sequence data. Genotypes were simulated for autosomal genes across the genome on the basis of the observed variant sites and their corresponding MAFs obtained from the non-Finnish European and African and African American populations recorded in the ExAC Browser 32 (17, 987 autosomal genes for 33,370 subjects in the non-Finnish European population and 17,892 autosomal genes for 5,203 subjects in African and African American populations). Family data were generated with RarePedSim, 33 which is able to effectively simulate sequence-based genotypes for any arbitrarily complex pedigree structure by conditioning on observed phenotypic data and incorporating a user-specified phenotype model and variant information. Using ExAC MAFs, we generated genotypes under linkage equilibrium (after assigning haplotypes to founders), which then segregated within the generated pedigrees.
Disease Model
The disease prevalence is assumed to be 1%, and the disease status for each subject is assigned on the basis of the multisite genotypes consisting of rare nonsense, missense, and splice-site variants (MAF % 1% in its corresponding ExAC population). An OR of 2.5 is assigned to each variant that is deemed causal, and the disease probabilities of all variants within a gene are computed on the basis of a multiplicative mode of inheritance. 33 
Evaluation of Type I Error
To evaluate the type I error rate of the RV-GDT and RV-PDT, we set the OR of the causal variant to 1 (no association between genetic variant and phenotype) and used the variant information from the ExAC non-Finnish European population to generate the family data. We considered four different types of family data: 1,000 nuclear families with one affected child and one unaffected child (discordant sib-pair; Figure 1A ), 1,000 nuclear families with two affected children (affected sib-pair; Figure 1B ), 1,000 extended pedigrees with two affected individuals in the third generation (extended pedigree; Figure 1C ), and a mixture of these three pedigree structures (500 discordant sib-pairs, 250 affected sib-pairs, and 250 extended pedigrees). Genotype data were simulated for all autosomal genes across the genome, and genes with at least three informative variant sites were analyzed. Type I error rates were evaluated as the proportion of genes with a p value less than 0.05 and 0.005. The p values were obtained empirically via 100,000 permutations. Moreover, to demonstrate that the RV-GDT can appropriately handle pedigrees with missing data, we analyzed the data after removing genotype data from 50% of the founders. We also evaluated the type I error rates of RV-GDT when there is population admixture or population substructure. Genotype data were simulated for 17,873 autosomal genes present in both the ExAC non-Finnish European and African and African American populations. To generate family data from an admixed population, we randomly generated the haplotypes of the founders in each pedigree from the European or African population with a probability of 20% or 80%, respectively. To generate family data with population substructure, we simulated 50% of the families with ExAC non-Finnish European variant information and simulated the other 50% of the families with ExAC African and African American variant information.
We also evaluated the type I error rates of RareIBD (version 1.1) 13 in our simulation framework. We applied a maximum of 100,000 inheritance vector samplings to pre-compute the mean and standard deviation of the statistic and used 10,000 gene-dropping permutations to estimate the p values.
Power Evaluation
To evaluate the power of RV-GDT, we simulated 1,000 families of each pedigree structure shown in Figure 1 and a mixture of the three pedigree structures (500 discordant sib-pairs, 250 affected sib-pairs, and 250 extended pedigrees) by using ExAC non-Finnish European variant information. Genotype data were generated for autosomal genes across the genome when 75% of the rare nonsense, missense, and splice-site variants were randomly selected to be causal with an OR of 2.5. Genes with at least three informative variant sites were analyzed, and power was evaluated as the proportion of genes with a p value less than 0.05. To assess the influence of missing founder genotype data on power, we used a probability to determine which founders were missing all of their genotype data and considered three different probabilities (0%, 25%, and 50%). To further evaluate the power of RV-GDT for extended pedigrees in which family members are missing genotype data, we determined whether each parent, regardless of being a founder or non-founder (subjects in the first two generations), had a 0%, 25%, 50%, or 75% probability of missing all of their genotype data. Power was evaluated when 50%, 75%, and 100% of the randomly selected rare nonsense, missense, and splice-site variants were causal with an OR of 2.5. We compared the power of the RV-GDT method to that of other family-based association tests, including Epstein's ASP method (one-sided test), 12 RV-PDT, and FBAT 10 (version 2.0.4, with the ''-v0'' option to calculate unweighted rare-variant statistics). Epstein's ASP method requires estimation of identity by descent (IBD) sharing between affected siblings. Because the IBD-sharing information is known in the simulated data, we used the exact IBD sharing in the power evaluation. The phase information generated during simulation of family data was used for haplotype permutation in the RV-PDT. Both Epstein's ASP method and FBAT software report analytical p values. For RV-GDT and RV-PDT, we performed one-sided tests and obtained p values empirically by performing 2,000 permutations.
Application to AD Data
Description of the ADSP Data The WGS data from 112 families were downloaded from dbGaP: phs000572.v6.p4. Study subjects with phenotypes coded as ''definite AD,'' ''probable AD,'' or ''possible AD'' were labeled as affected, and all other subjects were labeled as unaffected. The mean age of onset for AD was 72.63 years with a standard deviation of 8.46. In all 112 families selected for generation of WGS data, no more than 75% of affected members were positive for APOE4 (MIM: 107741), and no family members were homozygous for APOE4. Families in whom all sequenced subjects were affected were excluded from our analysis, which resulted in 81 families (21 nuclear and 60 extended), including 414 subjects with WGS data (316 affected and 98 unaffected; 167 male and 247 female) and 418 subjects without WGS data (22 affected and 396 unaffected; 221 male and 197 female). Their pedigrees and ethnicities (46 Dominican, 31 of European descent, 2 Puerto Rican, 1 Dutch isolate, and 1 African American) are shown in Figure S2 and For the Broad pipeline, those variants that did not ''pass'' Variant Quality Score Recalibration were removed. For the Baylor pipeline, variants with a mapping score < 0.80 were deleted, and genotypes that did not ''pass'' the Sample Genotype Filter or that had a read depth < 10 or an out-of-range ratio of variant reads to total read depth (%0.75 or R0.25) were deleted. For both pipelines, the following types of variants were excluded: monomorphic variants, those with a call rate % 80%, those with excessive heterozygosity, and those with an average mean read depth > 500.
Once primary QC was completed for the Broad and Baylor pipelines, consensus genotypes were determined by keeping concordant variants and excluding variants in which a different alternative allele was called between the two pipelines. After consensus calling, a second round of variant-level QC was applied to remove any variants that were monomorphic, had >20% missing genotypes, or had an excessive number of heterozygous genotypes. QC was performed by the QC working group of the ADSP.
We used the RefGene database to select variants located in exon regions and included only single-nucleotide variants (SNVs) within the autosomal exome coding region in our analysis. Mendelian inconsistencies were identified and removed with PLINK software. 37 Gene regions were assigned according to RefSeq definitions, and ANNOVAR was used to annotate variant sites. 38 Variants within regions containing copy-number variants or pseudogenes were excluded, and variants that were either nonsynonymous or putative splice sites were included in the analysis. Only variants that were absent or had a MAF % 2% in the ExAC Browser were analyzed. We used Variant Association Tools (VAT) to perform the variant-selection procedures described above.
39
Only genes with at least three variant sites were analyzed, leaving 8,891 genes for analysis.
Results
Type I Error Rate
When the family data were generated under the null hypothesis of no association with ExAC non-Finish European variant information, type I error of the RV-GDT was well controlled for the family structures shown in Figure 1 and also for the mixed family structures. Type I error rates were evaluated at a ¼ 0.05 and a ¼ 0.005, the results of which are shown in Table 1 . Additionally, the quantilequantile plot of the Àlog 10 p values demonstrates that type I error was well controlled ( Figure S1 ). The type I error was also well controlled for RV-PDT for all family structures (data not shown). When founders had a 50% probability of missing all of their genotype data, the RV-GDT method still had proper control of type I error rates for all pedigree and mixed family structures (Table 1 and Figure S1 ). To demonstrate that the RV-GDT can adequately control for population admixture, we generated data for pedigrees with 80% African and 20% European admixture. We also evaluated whether type I error was well controlled in the presence of European-African substructure by simulating and analyzing data with 50% European pedigrees and 50% African pedigrees. For both scenarios, type I error was well controlled (Table 1 and Figure S1 ), suggesting that the RV-GDT is robust to population admixture and substructure.
We also evaluated the type I error rates of RareIBD by using simulated family data, and the results are shown in Table S1 . We observed inflated type I error rates for discordant sib-pairs and extended pedigrees in each scenario evaluated (i.e., non-Finnish European population, missing founder data, African-European substructure, and We simulated 1,000 families for each pedigree structure shown in Figure 1 and mixed pedigree structures. Genotype data were generated for all autosomal genes across the genome with an OR of 1.0, and type I error rate was defined as the proportion of genes with a p value less than 0.05 or 0.005. We used variant information for 17,987 autosomal genes from the ExAC non-Finnish European population to generate family data when each founder had a 0% or 50% probability of missing genotype data. We used variant information for 17,873 autosomal genes present in both the ExAC non-Finnish European population and African and African American populations to generate family data with population admixture and substructure.
African-European admixture) and deflated type I error rates for affected sib-pairs. For example, when data were generated with substructure (50% African and 50% European) and analyzed, the discordant sib-pairs and extended pedigrees had type I error rates of 0.063 and 0.477, respectively, at a ¼ 0.05, whereas the affected sib-pairs had a type I error rate of 0.030.
Power Evaluation
We compared the power of RV-GDT with that of Epstein's ASP method, RV-PDT, and FBAT for a variety of pedigree structures ( Figure 1 ) when 75% of the rare variants were causal with an OR of 2.5. Additionally, we evaluated the effect of missing founder data on power by using different probabilities (0%, 25%, and 50%) to determine whether a founder was missing genotype data. The power of RV-GDT and other methods when founders were missing genotype data is shown in Table 2 . When none of the founders were missing data, the differences in power between RV-GDT, RV-PDT, and FBAT were small for nuclear families (discordant and affected sib-pairs), but all methods were considerably more powerful than Epstein's ASP method. When 1,000 discordant sib-pairs were analyzed, the power of FBAT, RV-PDT, and RV-GDT was 0.46, 0.51, and 0.53, respectively, whereas Epstein's ASP method was unable to analyze these data because there were no affected sibships. When 1,000 affected sib-pairs were analyzed, the power of FBAT, RV-PDT, and RV-GDT was 0.80, 0.79, and 0.81, respectively, whereas the power of Epstein's ASP method was 0.24. However, RV-GDT had considerably higher power than the other methods, i.e., FBAT and RV-PDT, which can analyze extended pedigrees. When 1,000 extended pedigrees were analyzed, the power of FBAT and RV-PDT was 0.42 and 0.48, respectively, whereas the power of RV-GDT was 0.64. Moreover, the power of RV-GDT was higher than that of the other methods when founders were missing genotype data. When~25% of the founders were missing their genotype data, the power of FBAT, RV-PDT, and RV-GDT for 1,000 extended pedigrees was 0.38, 0.45, and 0.62, respectively; when the missing probability was increased to 50%, the power of FBAT and RV-PDT was 0.34 and 0.41, respectively, whereas RV-GDT still had a power of 0.60. To further evaluate the power of RV-GDT when family members are missing genotype data, we simulated 1,000 extended pedigrees under different proportions of causal variants (50%, 75%, and 100%) with an OR of 2.5. When none of the pedigree members were missing genotype data, the power of the RV-GDT was higher than that of RV-PDT and FBAT (Figures 2A-2C ). For example, when 100% of the rare nonsense, missense, and splice-site variants were causal and none of the pedigree members were missing genotype data, the power of FBAT, RV-PDT, and RV-GDT was 0.63, 0.69, and 0.81, respectively ( Figure 2C ). When founders had a 25%, 50%, or 75% probability of missing genotype data, the power decreased for each method as the percentage of founders missing genotype data increased (Figures 2A-2C) . However, the RV-GDT still had considerably higher power than the other methods, not only because its initial power was higher than that of the other methods but also because it lost less power as the percentage of founders missing genotype data increased. For example, when 100% of the rare variants were causal and the probability that founders were missing genotype data was increased from 0 to 50% (Figure 2C) , the FBAT and RV-PDT power was reduced by 12.70% (from 0.63 to 0.55) and 10.14% (from 0.69 to 0.62), respectively, whereas RV-GDT had a 3.84% (from 0.81 to 0.78) loss of power. Similar patterns of decreasing power were observed when family members in the first two generations had a 25%, 50%, or 75% probability of missing all of their genotype data, regardless of whether they were founders or non-founders ( Figures 2D-2F ). For the model in which 100% of the rare variants were causal ( Figure 2F ), the power of the FBAT and RV-PDT was reduced by 20.63% (from 0.63 to 0.50) and 15.94% (from 0.69 to 0.58), respectively, when the probability of individuals missing their genotype data was increased from 0% to 50%, whereas the power for RV-GDT was reduced by 8.64% (from 0.81 to 0.74). Genetic variant data were generated for 1,000 families of each pedigree structure shown in Figure 1 and mixed pedigree structures with the use of ExAC non-Finnish European variant information. Genotype data were generated for 17,987 autosomal genes across the genome when 75% of the rare nonsense, missense, and splice-site variants were randomly selected to be causal with an OR of 2.5, and power was evaluated as the proportion of genes with a p value < 0.05. a Probability that each founder is missing all genotype data. b Power was evaluated under the assumption that the exact IBD sharing between affected sib-pairs is known. Unknown IBD sharing and non-simulated data would reduce the power.
Application to AD Data
We applied the RV-GDT method to analyze WGS data from the ADSP dataset. All pedigrees have at least one parental family member who is missing WGS data. Given the small sample size, application of the RV-GDT did not detect associations with exome-wide significance of 2.50 3 10
À6
(Bonferroni correction for 20,000 genes). The most significant associations with AD were observed for MARCH10 MutationTaster, 44 PolyPhen-2, 45 PROVEAN, 46 and SIFT 47 prediction), are shown in Table   S3 -S7. Eight missense variants were observed in MARCH10 (Table S3). 53 alternative alleles were observed in family members with AD, whereas six were observed in unaffected individuals. Except for SNV rs13801568, which had the same number of alternative alleles in affected and unaffected family members, all other variant sites had higher alternative-allele counts in affected subjects than in unaffected family members. Five SNVs occurred at conserved nucleotides, and two SNVs were deemed to be deleterious by at least three of six bioinformatics tools (CADD, fathmm, MutationTaster, PolyPhen-2, PROVEAN, and SIFT). Eight nonsynonymous variants were observed in AMBN, and 41 and 4 alternative alleles of these variants were observed in affected and unaffected family members, respectively (Table S4 ). All SNVs except rs150017698 had a higher number of alternative alleles in affected family members than in unaffected family members. Four variants in AMBN were deemed to be conserved by both GERP and PhyloP and were predicted to be deleterious by at least three of six bioinformatics tools. 19 missense variants were observed in TCOF1-78 and 12 alternative alleles were observed in affected and unaffected family members, respectively (Table S5) . Although only four variants were deemed to be conserved by both GERP and PhyloP, 12 variants were judged to be deleterious by at least three of six bioinformatics tools. AXIN1 included eight nonsynonymous variants; 34 alternative alleles were observed in affected family members, and one alternative allele was 
. Power Comparisons of FBAT, RV-PDT, and RV-GDT for Extended Pedigrees with Family Members Missing Genotype Data
Genetic variant data were generated for 1,000 extended pedigrees with ExAC non-Finnish European variant information. Different proportions of the rare nonsense, missense, and splice-site variants were deemed to be causal: 50% (A and D), 75% (B and E), and 100% (C and F) with an OR of 2.5.
(A-C) Power comparisons when the probability that each founder was missing all genotype data ranged from 0% to 75%. (D-F) Power comparisons when the probability that each parent (founder or non-founder) was missing all genotype data ranged from 0% to 75%.
observed in an unaffected family member, and all variants had a higher number of alternative alleles in affected family members than in unaffected family members (Table S6) . Six variants occurred at conserved nucleotides; however, none of the eight variants were deemed to be deleterious by at least three of six bioinformatics tools. Of the six variants observed in TNK1, 21 alternative alleles were observed in affected family members, and no alternative alleles were observed in unaffected family members (Table  S7) . Four variants were deemed conserved by both GERP and PhyloP, and four variants were deemed to be deleterious by at least three of six bioinformatics tools. rs201180891 occurs at a highly conserved residue and is predicted to be deleterious in all available bioinformatics results, and four affected family members were observed to be carriers of the alternative allele of this variant. The variant c.923T>A (p.Met308Lys) (GenBank: NM_003985.
3) was not found in ExAC samples, and two individuals affected by AD are carriers of an alternative allele. This variant also occurs at a highly conserved residue and is predicted to be deleterious by five of six bioinformatics tools.
Discussion
We extended the family-based GDT to allow for the analysis of rare variants so that the method could be applied to association analysis of WES or exome sequence data. Our simulation studies demonstrated that the RV-GDT has well-controlled type I error rates, even when applied to admixed populations or populations with substructure. The RV-GDT has greater power than other family-based rare-variant association methods and is substantially more powerful when applied to extended pedigrees and/or pedigrees in which family members are missing genotype data. There are advantages to performing family-based association studies over employing population-based designs. Family-based studies can have higher power given an equivalent number of cases because they can involve more pathogenic susceptibility variants with larger effect sizes than those observed for sporadic disease. 3 Additionally, many family-based association methods can control for population admixture and substructure on a local level, whereas for population-based designs, the inclusion of principal or multi-dimensional scaling components can control for population admixture and substructure only on a global level, which might not be sufficient for rarevariant association studies. 48 However, family-based designs do have their drawbacks; compared with population-based studies, they require more resources for the recruitment of probands and their relatives. For familybased designs, genotype data are often missing because of unascertainable family members, e.g., non-paternity and deceased parents from late-onset disease. Usually, family data are composed of many different types of pedigree structures, and there are family members without genotype data, as observed in the 81 AD-affected families analyzed here (see Figure S2) . The ability to analyze family data, including extended pedigrees and/or pedigrees in which family members are missing genotypes data, with minimal loss of power makes the RV-GDT an extremely valuable method for detecting associations and elucidating the genetic etiology of complex traits. RareIBD has a main assumption that only one founder in each family carries a mutation for a specific rare variant. Violation of this assumption will result in an inflated test statistic. 13 Complex traits, such as AD and coronary heart disease, have relatively high prevalences; therefore, a pedigree might have multiple affected individuals who do not have the same causal variants. Unlike for Mendelian diseases, the assumption that only one founder in a family carries the pathogenic susceptibility variant might not be valid for complex traits. Despite the fact that RareIBD (version 1.1) excludes variants violating this assumption, our simulations showed extremely inflated type I error rates for extended pedigrees. Our simulation framework is based on ExAC variant information for all genes, which represents exome sequence data more realistically than generating data for a single genomic region by using a population demographic model (the latter was previously used for evaluating type I error of RareIBD 13 ).We also evaluated the power of RareIBD when 75% of rare nonsense, missense, and splice-site variants were randomly selected to be causal with an OR of 2.5. Although type I error was slightly inflated, the power of RareIBD was 0.32 when 1,000 discordant sib-pairs were analyzed, whereas the power of FBAT, RV-PDT, and RV-GDT was 0.46, 0.51, and 0.53, respectively. When 1,000 affected sib-pairs were analyzed, the power of RareIBD was 0.79, comparable to that of FBAT (0.80), RV-PDT (0.79), and RV-GDT (0.81). We did not evaluate power for extended pedigrees because it would not be valid given the extremely inflated type I error rates for RareIBD. RareIBD (version 1.1) can analyze only families from single populations because of differences in the allelic spectrum between populations. Families of different ancestries need to be analyzed separately, and meta-analysis needs to be performed, which can lead to a loss of power. Genetic studies of complex traits are often composed of families ascertained from multiple populations. For example, ADSP includes both families of European descent and African American and Dominican families. Even the analysis of families of European descent can still be problematic, given that for rare variants, the allelic spectrum can differ greatly even between adjacent populations, e.g., Ashkenazi and other Eastern European populations. 49 Neither RV-GDT nor FBAT requires haplotyping, IBD-sharing estimation, or imputation of missing genotypes, which avoids the potential decrease in power due to loss of information and/or inclusion of noise. For Epstein's ASP method, IBD sharing between siblings must be estimated before statistical analysis. RV-PDT requires haplotype information in order to perform haplotype permutation, which is necessary to control type I error in the presence of LD between variants. 7 Even though some algorithms can perform haplotyping and/or IBD-sharing estimation with acceptable accuracy, the potential loss of information and inclusion of noise can greatly jeopardize power. In our power evaluation of Epstein's ASP method, we used exact IBD sharing in the simulated data. There would be a loss of power if the IBD-sharing information were inferred, for example, via MERLIN. Especially when founders are missing, it would introduce more uncertainties and lead to a further decrease in power. RareIBD requires family data without missing genotypes. Missing genotypes are imputed, and the most likely genotypes are analyzed. Although family-based imputation can reach relatively high accuracy, association testing with the most likely imputed genotype can lead to type I error inflation. 50 More experiments are needed to investigate how imputed genotypes can be correctly incorporated in family-based association studies. Adjustment for non-confounding covariates that are known to influence the trait can reduce spurious associations due to sampling artifacts or biases in study design. 51 However, caution should be exercised for decisions about whether to incorporate covariates in the association analysis of binary traits. It has been shown for GWASs that including known covariates can reduce the power to identify associated variants when the disease prevalence is low. On the other hand, including non-confounding predictive covariates when disease prevalence is sufficiently high (>20%) will often lead to an increase in power. 52 The RV-GDT can incorporate covariates in the analysis, but it does not provide an evaluation of covariate significance and also cannot be used for covariate selection. The FBAT can also incorporate covariates, whereas Epstein's ASP method and RV-PDT have not been extended to adjust for covariates. It was previously shown that integrating information on variant allele frequencies from population-based data into family-based studies can be useful for association studies of rare variants. 53 Jiang et al. suggested incorporating population-control-based weights into the TDT framework to potentially up-weight pathogenic susceptibility variants, down-weight neutral variants, and also assign the direction of the effect for pathogenic variants. 8 In our simulation, no improvement in power was observed for either RV-GDT or RV-PDT when weights were incorporated with data from population controls. In fact, the incorporation of weights from population controls led to slightly less power than not using any weights. Genetic data for 1,000 extended pedigrees were simulated with ExAC non-Finnish European variant information, and 75% of the rare nonsense, missense, and splice-site variants were randomly selected to be causal with an OR of 2.5. We also generated 20,000 population controls, and the weights inferred the control data, as suggested by Jiang et al. The power of the RV-GDT decreased from 0.81 to 0.78, and the power of the RV-PDT also decreased from 0.79 to 0.77. This is not surprising given that it has previously been shown that decreases in power can occur when weights are not optimal. 54 In our simulations, the controls were generated from the same population as the family data, but because of random variability, they were not always optimal. The reduction in power could be even greater if controls are drawn from a different population. Moreover, how to handle variants that are not present in population controls is a practical problem that needs to be addressed. For example, 10.41% of variants analyzed in the AD pedigrees are not present in the ExAC Browser, which is one of the largest publicly available databases.
The application of the RV-GDT in the analysis of AD pedigrees highlights its applicability to family-based studies. The pedigree structures of this dataset are highly heterozygous, and each pedigree has at least one family member who has not been sequenced (see Figure S2 ). RV-GDT has fewer constraints on pedigree structure than Epstein's ASP method and RV-PDT, and it can analyze any pedigree as long as it includes both affected and unaffected subjects. FBAT can analyze most pedigree structures, but those with missing parental data often cannot be analyzed, especially when there are no unaffected offspring. Epstein's ASP method is only applicable to analyzing affected sibships in nuclear pedigrees, and it needs the estimated IBD sharing between sibships, which is problematic for pedigrees missing parental genotypes. Without parental genotypes, IBD sharing must be estimated from identity by state (IBS) sharing and variant allele frequencies. It is unclear how well Epstein's ASP method performs in this situation. The majority of affected sibships in the AD pedigrees are missing both parental genotypes, and no single affected sibship has genotype data for both parents. The RV-PDT requires nuclear families with informative case-parent trios and/or discordant sib-pairs to detect association, but the haplotype permutation is necessary for the RV-PDT to control type I error, 7 and the haplotype permutation needs the complete nuclear family or reconstructed haplotypes for the missing founders. No single AD pedigree has complete parental WGS data, and the RV-PDT hasn't been extended to analyze family data with reconstructed haplotypes; therefore, it is not possible to analyze the AD pedigrees with the RV-PDT. The AD data could not be analyzed with RareIBD given the extreme inflation of type I error for extended pedigrees. Of the 81 AD-affected families, 25 cannot be analyzed by the FBAT (see Figure S2) . Moreover, the FBAT returned ''NaN'' (not a number) when the genotype data for TCOF1 in the AD data were analyzed.
The p values of FBAT for MARCH10, AMBN, AXIN1, and TNK1 were 0.06, 0.30, 0.04, and 0.04, respectively, and all p values were considerably less significant than those obtained from the RV-GDT. The application of the RV-GDT on WGS data from 81 AD-affected families identified potential involvement of AXIN1 (16p13.3) and TNK1 (17p13.1) in this neurodegenerative disease. Previously, a SNP-based association study detected an association between rs1554948, which is within TNK1, and late-onset AD. 19 Our study implicates multiple rare variants in TNK1 as a potential underlying cause of AD. We observed 21 alternative alleles in 21 affected family members and no alternative alleles in unaffected family members. Out of 21 family members carrying TNK1 alternative alleles, only two of them were APOE4 positive. The association between rare variants in TNK1 and AD is consistent with functional studies of its protein.
TNK1 encodes a non-receptor tyrosine kinase and mediates intracellular signaling. Activated TNK1 has been reported to facilitate tumor necrosis factor alpha (TNFa)-induced apoptosis, which suggests its involvement in TNFa signaling and neuronal cell death. 20 The involvement of TNK1 in AD pathogenesis could also be through its interaction with phospholipase C (PLC). TNK1 has been reported to be associated with PLC gamma 1, 21 and multiple studies have observed aberrant PLC activity in AD brains. 19 Identification of the involvement of TNK1 in AD etiology provides new insights that could be used for prevention and treatment. Although the association between AD and variants in AXIN1 has not been reported previously, the identification of AXIN1 is also consistent with experimental findings. AXIN1 encodes a scaffolding protein that plays a critical role in regulating GSK3-mediated phosphorylation of the protein tau. 22 Axin negatively affects tau phosphorylation by GSK3, 23 and phosphorylated tau has a decreased capacity to bind and stabilize microtubules. 24 The abnormally phosphorylated tau has been observed in populations of AD-affected individuals at clinicopathological levels. 25 These findings suggest that abnormal expression of AXIN1 might contribute to tau pathology in AD. No previous association studies have implicated MARCH10, AMBN, or TCOF1 in the etiology of AD. Additionally, no functional studies support the involvement of these genes in AD etiology. The associations between AD and MARCH10, AMBN, and TCOF1 might be false positives, and future replication studies will allow for the elucidation of whether these genes are involved in the etiology of AD. The WGS data on the analyzed 81 families is part of the ADSP Discovery Phase, which will be followed by the Discovery Extension Phase and the Follow-Up Phase. The Discovery Extension Phase will include WGS data on 107 additional family members of the pedigrees studied in the Discovery Phase and additional WGS data on 213 family members from new pedigrees. The Follow-Up Phase will include more families undergoing whole-genome or exome sequencing, and individual investigators will share their sequence data with the ADSP. These additional sequence data will permit a replication study.
The RV-GDT method provides a robust and powerful way to use family-based sequence data to identify associations between complex disease and rare variants. Given its capability of adequately controlling for population admixture or substructure and its superior power over other methods for extended pedigrees and pedigrees with missing data, the RV-GDT is extremely beneficial in elucidating the involvement of rare variants in the etiology of complex traits. The RV-GDT is applicable to exome and genome sequence data and rare variants obtained from genotyping arrays. VAT is an all-in-one software pipeline package available for pre-processing data from various input formats, and the RV-GDT package is implemented to analyze rare-variant data exported by VAT. The RV-GDT is implemented in Python, and the software package and documentation are publicly available online.
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